Abstract: High-resolution leaf area index (LAI) maps from remote sensing data largely depend on empirical models, which link field LAI measurements to the vegetation index. The existing empirical methods often require the field measurements to be sufficient for constructing a reliable model. However, in many regions of the world, there are limited field measurements available. This paper presents a prior knowledge-based (PKB) method to derivate LAI with limited field measurements, in an effort to improve the accuracy of empirical model. Based on the assumption that the experimental sites with the same vegetation type can be represented by similar models, a priori knowledge for crops was extracted from the published models in various cropland sites. The knowledge, composed of an initial guess of each model parameter with the associated uncertainty, was then combined with the local field measurements to determine a semi-empirical model using the Bayesian inversion method. The proposed method was evaluated at a cropland site in the Huailai region of Hebei Province, China. Compared with the regression method, the proposed PKB method can effectively improve the accuracy of empirical model and LAI estimation, when the field measurements were limited. The results demonstrate that a priori knowledge extracted from the universal sites can provide important auxiliary information to improve the representativeness of the empirical model in a given study area.
Introduction
The leaf area index (LAI), defined as half the total developed area of green leaves per unit ground horizontal surface area [1] , is an essential vegetation parameter [2, 3] . It describes the size of the interface available for energy and mass exchange between the canopy and atmosphere, which governs the photosynthesis, transpiration, and rain interception processes [4] [5] [6] [7] [8] . LAI maps estimated from high-resolution satellite imagery provide valuable information for the climate, ecological, and crop models [9] [10] [11] [12] , as well as estimating crop vegetation status, biomass production, and yield [13] [14] [15] . In addition, the high-resolution LAI map plays an important role in the on-going validation of medium-resolution LAI products [16] [17] [18] .
Two kinds of methods have been developed to estimate LAI using optical remote sensing data: the empirical method and the physical method by inverting physical models [19, 20] . Most LAI mapping studies are based upon empirical models, which depict the relationship between LAI and the vegetation index (VI) . Among a large number of empirical models, a semi-empirical model is designed improve the modeling accuracy of the LAI-NDVI semi-empirical model for a given study area by integrating a priori knowledge of the model parameters. For our selected model format, such a priori knowledge is extracted from accumulated materials in various sites with same vegetation type, and presented as the initial guess and its uncertainty of each model parameter. Based on this knowledge, the limited local field measurements are then used to calibrate the semi-empirical model parameters using Bayesian inversion method. Subsequently, the high-resolution LAI maps can be estimated from remote sensing observations in the study area by using the model. Taken the field measurements and remote sensing dataset of a cropland site as an example, we evaluated the efficiency of the PKB method.
Materials

Study Area and Field LAI Measurements
The field experiment was conducted in a cropland site at Huailai of Hebei Province, China (115.77 • E, 40.37 • N, Figure 1 ) in 2013. The site was predominantly cultivated with maize (green region in Figure 1 ), but included numerous non-vegetation land cover types, such as a water area in the northwest corner, bare soil, and roads. As a crop typically grown in rows, maize was planted in late May and harvested in early October. We applied the nested spatial series method to conduct the spatial sampling, which was widely used in the field experiments [16] . As shown in Figure 1 , there were 15 plots with a size of 30 m × 30 m over a 3 km × 3 km study area, where the LAI was measured in five sampling points per plot. The measurements from the five sampling points were averaged to provide a single value for each plot.
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Study Area and Field LAI Measurements
The field experiment was conducted in a cropland site at Huailai of Hebei Province, China (115.77°E, 40.37°N, Figure 1 ) in 2013. The site was predominantly cultivated with maize (green region in Figure 1 ), but included numerous non-vegetation land cover types, such as a water area in the northwest corner, bare soil, and roads. As a crop typically grown in rows, maize was planted in late May and harvested in early October. We applied the nested spatial series method to conduct the spatial sampling, which was widely used in the field experiments [16] . As shown in Figure 1 , there were 15 plots with a size of 30 m × 30 m over a 3 km × 3 km study area, where the LAI was measured in five sampling points per plot. The measurements from the five sampling points were averaged to provide a single value for each plot. In the study area, a LAINet observation system [45] containing five measurement nodes for each plot was used to measure LAI between 3 July and 13 September. Each measurement node of the LAINet system automatically collected the multi-angle transmittance of the vegetation canopy during the day, and the LAI could then be calculated based on a direct light transmittance algorithm [45, 51] . Although the maize grew normally, not all field measurements were valid, due to low battery levels and unexpected weather conditions. To better describe the vegetation growth characteristics, an aggregating window of eight days was used to smooth the valid LAI data. Hence, ten measurements at 15 plots were available ( Table 1) .
The LAI measurement from optical instruments corresponds to the effective plant area index that partially accounts for clumping effects [52] . In this study, we measured LAI during the period that the green LAI was dominant. In this experiment, two groups of LAI were simultaneously measured by the direct harvest method and LAINet system in a specially designed plot, with a size In the study area, a LAINet observation system [45] containing five measurement nodes for each plot was used to measure LAI between 3 July and 13 September. Each measurement node of the LAINet system automatically collected the multi-angle transmittance of the vegetation canopy during the day, and the LAI could then be calculated based on a direct light transmittance algorithm [45, 51] . Although the maize grew normally, not all field measurements were valid, due to low battery levels and unexpected weather conditions. To better describe the vegetation growth characteristics, an aggregating window of eight days was used to smooth the valid LAI data. Hence, ten measurements at 15 plots were available ( Table 1) .
The LAI measurement from optical instruments corresponds to the effective plant area index that partially accounts for clumping effects [52] . In this study, we measured LAI during the period that the green LAI was dominant. In this experiment, two groups of LAI were simultaneously measured by the direct harvest method and LAINet system in a specially designed plot, with a size of 20 m × 20 m, Remote Sens. 2017, 9, 13 4 of 16 and were used to calculate the ratio of effective LAI to true LAI. The ratio was 0.83 in our study, which was generally consistent with previous studies [40, 52] . 
Landsat 8 Data
Landsat 8 Operational Land Imager (OLI) imagery was used to calculate the vegetation index to support the investigation of our proposed method. Three high-quality images were acquired on 6 July, 31 July, and 23 August, which corresponded to the field measurements on 3 July, 27 July, and 20 August, respectively ( Table 1 ). The surface reflectance images, with nine bands (0.433-2.3 µm) at a spatial resolution of 30 m were downloaded from the United States Geological Survey (USGS) Earth Explorer [53] in Universal Transverse Mercator (UTM: WGS84) projection.
Methods
The PKB method to derivate high-resolution LAI maps with limited field measurements consists of four general steps ( Figure 2 ): (1) constructing the prior knowledge base; (2) extracting a priori knowledge of the semi-empirical model parameters; (3) determining a semi-empirical model using the Bayesian inversion method; and (4) estimating high-resolution LAI maps from remote sensing data. Since accurate LAI estimation is largely dependent on a reliable model, we focus our efforts on the first three steps in this study.
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where V I min is the vegetation index corresponding to that of bare soil; V I ∞ is the asymptotic value of VI when the LAI tends toward infinity; and K V I is the extinction coefficient according to the classical Beer's law, where the extinction coefficient describes the relative increase in VI due to an elementary increase in the LAI.
In this study, we used the NDVI to link LAI. The choice of vegetation index mainly depends on two aspects. First, this vegetation index is sensitive to LAI. The most commonly used vegetation indices for LAI estimation combine the information in visible and near infrared reflectance [21, 30, 33, 36] . Since the visible domain reduces the perturbation of background soil, and the canopy reflectance in the near-infrared region is larger. Second, the collected semi-empirical models based on this vegetation index in the universal sites need to be as more as possible to support the extraction of prior knowledge. So far, NDVI is the most widely used vegetation index for LAI estimation in the literature. When the semi-empirical model is determined by LAI measurements and the corresponding Landsat NDVI, the LAI can be estimated from remote sensing data in a straight-forward manner using this model. If measurements are sufficient in the study area, a reliable model can be determined using regression method. However, if the measurements are limited, the accuracy of the model would be decreased, or there may not even be a least squares solution. In such a case, the a priori knowledge should be applied. Figure 2 shows the process to extract a priori knowledge of model parameters, and a prior knowledge base is primarily constructed. The knowledge base is initially from the collected models from universal sites, including the published models in the articles and the constructed models using the shared dataset. When the collected model in the universal sites were used to extract prior knowledge, they should satisfy four criteria. First, the environmental conditions between the universal site and the study area should be similar. Since the environmental conditions can be used to represent the impact factors of the semi-empirical model, including canopy architecture, leaf optical properties, soil properties, and the solar/viewing direction [20, 26, 27, [31] [32] [33] . The environmental conditions mainly contain the types of vegetation, phenology, geographical location, climate conditions, and soil status. However, we also need to consider the accessibility of the environmental conditions and the amount of the prior knowledge sources. In this study, only the vegetation type is used to select the appropriate sites for the construction of the prior knowledge base. This is because the vegetation type is not only a key variable influencing the empirical model, but also is a kind of accessible information.
Construction of the Prior Knowledge Base
Additionally, the model in the universal site should be satisfied other three criteria. Second, the semi-empirical model, given as Equation (1), is used to represent the relationship between the LAI and NDVI. Third, the land surface reflectance observations are acquired by remote sensing methods. Fourth, the local model is evaluated by the field measurements and is determined to have a highly credible performance.
Based on the above four criteria, we ultimately identified six published articles to establish the a priori knowledge base for crops, which can be used in our cropland site. Table 2 shows the parameter values of each model together with the essential details, such as crop types, time, and the location of Remote Sens. 2017, 9, 13 6 of 16 the field experiments. The models were collected from different regions of the world, however, they all constructed the relationship between LAI and NDVI at cropland sites. 
Extraction of a Priori Knowledge
When a knowledge base is built, the selected models are used to derive a priori knowledge, which is presented as an initial guess of each model parameter with the associated uncertainty. The initial guess of each parameter is obtained by averaging the parameter values of the selected models. The uncertainty of the initial guess of each model parameter is expressed as the standard deviation of parameter values of the selected published models. When the prior knowledge of model parameters is extracted, it is combined with the field measurements to calibrate a semi-empirical model by the Bayesian inversion method as discussed below.
Bayesian Inversion Method
Based on the Bayesian theorem, the inverse problem can be solved by searching the maximum posteriori probability (ρ M ) of model parameters, which is related to the a priori probability: P(x|y obs ) = P(y obs |x)P(x)/P(y obs ) (2) where x represents model parameters; y obs represents the actual observations; P(x) is the a priori probability of x; P(y obs ) = M P(y obs |x)P(x)d x where M represents the model space of x and P(y obs |x) represents the conditional probability for y obs given x. The posteriori distribution P(x|y obs ) represents all of the information after inversion from both a priori knowledge and observations. When all of the errors in the observation, model, and a priori knowledge are Gaussian, Tarantola (1987) gave the posteriori probability density of x as [54] :
where f (x) represents the simulated observations; x prior is the initial guess of the model parameters; C D is the covariance operator describing model and observation uncertainties; and C M is the covariance operator describing the uncertainties of x prior . Note that the first part in the square bracket of Equation (3) corresponds to the distance between the actual and simulated observations. The second part corresponds to the distance between the values of the determined parameters and those of the a priori knowledge. The inversion process is to search for an x to obtain the maximum value of a posteriori probability density to ensure the cost function J(x) is a minimum:
However, the covariance matrix of observations and a priori knowledge is difficult to obtain. The covariance matrix is usually considered to be diagonal, based on the assumption that the model parameters and observations are independent with each other. Then the cost function is as follows:
where y obs i and f i (x) are the ith actual and simulated observation, respectively; σ D i and σ M j are the standard deviation for the ith observation and a priori distribution of jth model parameter, respectively; x j is the determined result of the jth parameter; and x prior j is the initial guess of the jth model parameter; n is the number of observations; and k is the number of parameters.
In this study, we obtained NDVI observations (y obs ) from remote sensing data and the simulated NDVI values (f (x)) from the semi-empirical model, with LAI measurements as an input. The standard deviation of NDVI (σ D ) was set as 10% of the maximum NDVI value. The number of observations (n) was determined by the available field measurements and was usually limited in the study area as mentioned above. We aimed to determine the values of three model parameters (k = 3: K, NDV I ∞ and NDV I min ), which enabled a semi-empirical model for the study area to be constructed. The prior knowledge of the model parameters could be extracted as presented in Section 3.1.2. The cost function was constructed by combining the initial guess of the model parameter with associated uncertainty, and the limited field measurements, and was then iteratively minimized by the Shuffled Complex Evolution (SCE-UA) algorithm in MATLAB (The MathWorks, Inc., Natick, MA, USA) to calculate the model parameters [55] . The boundaries of semi-empirical model parameters used in SCE-UA algorithm were defined based on the NDVI statistics of the images and the published models listed in Table 2 . When the semi-empirical model was determined, the LAI map could then be obtained from the remote sensing observations. Figure 3 shows the process to evaluate the effectiveness of PKB method to improve the model accuracy under the "limited measurements" situations, compared with the performance of regression method. To assess the PKB method with the "limited measurements" situations, this situation should be defined. As discussed in the introduction section, the limited measurements are difficult to represent the entire study area and, thus, reduce the model accuracy based on the regression method. We used the local part dataset of different sample sizes to evaluate the effectiveness of the PKB method. In this study, we divided the total collected dataset into two subsets: 65% of the data was taken as the modeling dataset and the remainder for the independent testing dataset. Figure 3 shows that the part of modeling dataset was combined with a priori knowledge of model parameters to calibrate the semi-empirical model based on PKB method. The performance of this model was then compared with the model produced by the regression method for this part dataset, to test whether the PKB method can improve the model accuracy. Meanwhile, the model based on the modeling dataset, taken as the best result, was used to compare with the model produced by the PKB method for the part dataset.
Evaluation Process and Statistical Metrics
According to the above statement, overall, we primarily evaluated the effectiveness of the PKB method under "limited measurements" situations by analyzing the performance of the PKB method with different local sample sizes. We then selected a typical group of the limited dataset from the modeling dataset to further evaluated PKB method. The testing dataset was applied to evaluate each model. The root mean square error (RMSE) was used to quantify the deviation between two datasets:
where is the number of samples used for the comparison; and and are the reference and comparison data, respectively.
To quantify the performance of the model, we calculated the RMSE and bias between the measured and estimated LAI from the testing dataset. The correlation coefficient (r) and range error ratio (RER) were also used to assess the practical efficiency of the model [56, 57] . Essentially, empirical thresholds have been defined based on RER, because models with an RER of less than 3 have little practical utility, while values between 3 and 10 indicate a limited practical utility, and values above 10 show that the model has a high utility value:
where and are the maximum and minimum LAI measurements, respectively. The RMSE was derived from the testing dataset values for the measured and estimated LAI values.
Results
A Priori Knowledge for Crops
Based on the extraction method of a priori knowledge as shown in Section 3.1, we obtained a priori knowledge of model parameters for crops from the six published models in different cropland sites listed in Table 2 . Table 3 shows the initial guessed values and uncertainty of semi-empirical model parameters, which were then used to determine the model for our study area combined with the local field measurements based on our proposed PKB method. 
Evaluation of Our Method
In our study, the field LAI measurements for maize were collected during several growing seasons over 15 plots. However, not all field measurements were complete, and only a few Landsat images were acquired during the study period due to clouds and other acquisition issues. The root mean square error (RMSE) was used to quantify the deviation between two datasets:
where N is the number of samples used for the comparison; and y i andŷ i are the reference and comparison data, respectively. To quantify the performance of the model, we calculated the RMSE and bias between the measured and estimated LAI from the testing dataset. The correlation coefficient (r) and range error ratio (RER) were also used to assess the practical efficiency of the model [56, 57] . Essentially, empirical thresholds have been defined based on RER, because models with an RER of less than 3 have little practical utility, while values between 3 and 10 indicate a limited practical utility, and values above 10 show that the model has a high utility value:
where y max and y min are the maximum and minimum LAI measurements, respectively. The RMSE was derived from the testing dataset values for the measured and estimated LAI values.
Results
A Priori Knowledge for Crops
Evaluation of Our Method
In our study, the field LAI measurements for maize were collected during several growing seasons over 15 plots. However, not all field measurements were complete, and only a few Landsat images were acquired during the study period due to clouds and other acquisition issues. Nevertheless, we collated the available NDVI from Landsat with field LAI measurements and, in total, collected 28 pairs of data available (each pair comprising one NDVI value and one corresponding LAI value roughly equivalent to a single Landsat pixel). A 65% subset of the data (19 pairs) was used as modeling dataset, with the remaining data (nine pairs) used to validate the results.
We evaluated the effectiveness of PKB method integrating a priori knowledge of model parameters to improve the model accuracy under "limited measurements" situations according to the process depicted in Section 3.3. We primarily analyzed the sensitivity of PKB method with the local sample size to evaluate the overall effectiveness of the PKB method under different 'limited measurements' situations. We then further evaluated the PKB method using a typical group of the limited dataset. The model from PKB method was compared with performance of model based on the regression method.
Impact of the Local Sample Size
We analyzed the impact of local sample size on the PKB methods to evaluate the effectiveness of this method under the 'limited measurements' situations. To assess this impact, each sample size (5-19) was repeatedly and randomly sampled from the modeling dataset. Each group of the dataset was then applied to update the initial guessed values of the model parameters to reduce the uncertainty of the prior knowledge. The calibrated semi-empirical model was evaluated by the testing data and RMSE was calculated as shown in Figure 4 . The regression method was also applied to each dataset to obtain the semi-empirical model, which was then evaluated by the testing data.
Nevertheless, we collated the available NDVI from Landsat with field LAI measurements and, in total, collected 28 pairs of data available (each pair comprising one NDVI value and one corresponding LAI value roughly equivalent to a single Landsat pixel). A 65% subset of the data (19 pairs) was used as modeling dataset, with the remaining data (nine pairs) used to validate the results.
We analyzed the impact of local sample size on the PKB methods to evaluate the effectiveness of this method under the 'limited measurements' situations. To assess this impact, each sample size (5-19) was repeatedly and randomly sampled from the modeling dataset. Each group of the dataset was then applied to update the initial guessed values of the model parameters to reduce the uncertainty of the prior knowledge. The calibrated semi-empirical model was evaluated by the testing data and RMSE was calculated as shown in Figure 4 . The regression method was also applied to each dataset to obtain the semi-empirical model, which was then evaluated by the testing data. Figure 4 shows that, although the local sample size decreased from 19 to five, the PKB method produced almost consistently low mean RMSE values (around 0.72). However, the local sample size had a significant influence on the regression method, with a sharp increase in mean RMSE values from 0.96 to 1.73 and with larger uncertainties as sample size decreased. This indicates that the PKB method can effectively improve the model accuracy when the collected dataset is not enough in the study area, such as, only five or six data pairs available. 
Evaluation Using the Limited Dataset Case
In this section, we further evaluated the effectiveness of the PKB method in the form of limited dataset case. We selected a typical group of seven data pairs from the modeling dataset, which was difficult to represent the entire study area. The PKB method integrated the initial guessed values of Figure 4 shows that, although the local sample size decreased from 19 to five, the PKB method produced almost consistently low mean RMSE values (around 0.72). However, the local sample size had a significant influence on the regression method, with a sharp increase in mean RMSE values from 0.96 to 1.73 and with larger uncertainties as sample size decreased. This indicates that the PKB method can effectively improve the model accuracy when the collected dataset is not enough in the study area, such as, only five or six data pairs available.
In this section, we further evaluated the effectiveness of the PKB method in the form of limited dataset case. We selected a typical group of seven data pairs from the modeling dataset, which was difficult to represent the entire study area. The PKB method integrated the initial guessed values of the model parameters with the related uncertainty of the model parameters, and this limited dataset determined a semi-empirical model. The testing data was used to evaluate the model and the RMSE was determined. The performance of the PKB method for this limited dataset was compared with that of the regression method for this limited dataset and the modeling dataset. Table 4 shows the statistics of the LAI measurements and NDVI in the limited, modeling, total collected, and testing datasets. It can be seen that the distribution of the limited dataset deviated from that of the total dataset in the study area, while the distribution of the dataset and testing dataset generally matched that of the total data. Table 4 . Statistics of the LAI and normalized difference vegetation index (NDVI) in the limited, modeling, and testing dataset, compared with the total collected dataset in the study area.
Data Sets
No Figure 5a ,b shows that, with the limited dataset, the PKB method produced a better LAI estimation accuracy (0.73 for RMSE and 0.12 for bias) than the regression method (1.81 for RMSE and 0.76 for bias). The model practical utility from regression method was low (RER = 1.74), but this was improved by using the PKB method (RER = 4.3). Figure 5b shows that the LAI estimation was obviously incorrect, especially in the higher value region (LAI > 3.5). This was because the limited dataset was insufficient to represent the entire study area, which reduced the model accuracy based on the regression method. However, the proposed PKB method can make full use of the extracted prior knowledge of model parameters for crops to make up data deficiencies and improve model accuracy for our cropland site. The importance of prior knowledge to improve the model accuracy can also be clearly identified by the comparison of results as shown in Figure 5a ,c. The PKB method combing prior knowledge of model parameters with the seven data pairs, producing a better LAI estimation accuracy than the regression method using 19 data pairs (0.96 for RMSE and 0.22 for bias).
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No Figure 5a ,b shows that, with the limited dataset, the PKB method produced a better LAI estimation accuracy (0.73 for RMSE and 0.12 for bias) than the regression method (1.81 for RMSE and 0.76 for bias). The model practical utility from regression method was low (RER = 1.74), but this was improved by using the PKB method (RER = 4.3). Figure 5b shows that the LAI estimation was obviously incorrect, especially in the higher value region (LAI > 3.5). This was because the limited dataset was insufficient to represent the entire study area, which reduced the model accuracy based on the regression method. However, the proposed PKB method can make full use of the extracted prior knowledge of model parameters for crops to make up data deficiencies and improve model accuracy for our cropland site. The importance of prior knowledge to improve the model accuracy can also be clearly identified by the comparison of results as shown in Figure 5a ,c. The PKB method combing prior knowledge of model parameters with the seven data pairs, producing a better LAI estimation accuracy than the regression method using 19 data pairs (0.96 for RMSE and 0.22 for bias). The results show that even with the limited dataset, the PKB method produced a more accurate model for our Huailai cropland site (V I ∞ = 0.9, V I min = 0.05 and K = 0.53). The prior knowledge derived from the six published models at different cropland sites provided representative initial guessed values of model parameters for our cropland site (V I ∞ = 0.92, V I min = 0.08 and K = 0.58), which were used in the PKB method. However, an accurate model could not be obtained (V I ∞ = 0.82, V I min = 0.0 and K = 0.74) based on the regression method for the limited dataset. The results of the case study indicate that the extracted prior knowledge of model parameters for crops can increase the effective information to improve the representativeness of the empirical model by using PKB, when limited field measurements were available in the study area. Figure 6 shows the estimated high-resolution LAI maps from three OLI images using the model based on the PKB method for the limited dataset. The evaluated result of this model is represented in Figure 5a and explained above. The LAI maps presented the temporal-spatial pattern of maize LAI in this study area. With regard to the temporal pattern, the maps show that LAI maintained a dramatically-increasing trend in July and then declined toward the end of August. In terms of the spatial pattern, the maize dominant area generally had a larger LAI than regions with a mixture of non-vegetation class land cover types.
Remote Sens. 2017, 9, 13 11 of 15 Figure 6 shows the estimated high-resolution LAI maps from three OLI images using the model based on the PKB method for the limited dataset. The evaluated result of this model is represented in Figure 5a and explained above. The LAI maps presented the temporal-spatial pattern of maize LAI in this study area. With regard to the temporal pattern, the maps show that LAI maintained a dramatically-increasing trend in July and then declined toward the end of August. In terms of the spatial pattern, the maize dominant area generally had a larger LAI than regions with a mixture of non-vegetation class land cover types. 
Discussion
High-resolution LAI maps can provide important information for the ecological and crop growth studies, as well as the validation of LAI products [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] . Existing empirical methods often require enough measurements to represent the LAI-VI relationship throughout the study area. However, obtaining enough samples still remains challenging. This is often the case if only legacy measurements are available, or if field work is too expensive or difficult to collect fully representative data [16] [17] [18] 44, 45] . In this study, a novel method named PKB method was proposed to relax the requirements regarding the amount of field measurements using existing empirical methods. The method was evaluated using the dataset over a cropland site in Hebei Province, China. The results indicated that this method presented a promising potential to improve the accuracy of models, when the local measurements were limited. High-resolution LAI maps can then be estimated from remote sensing observations in the study area.
The empirical method has various advantages fostering its widespread use, such as explicit expression, fast process, and efficient computation [27, 28] . Our study thus concentrated on this kind of method to estimate LAI from remote sensing images. To determine an empirical model, the proposed PKB method makes full use of a priori knowledge, which distinguishes it from the existing empirical methods that only depend on local field measurements. The prior knowledge can provide important auxiliary information to determine empirical model, which ensures the suitability of PKB method in 'limited measurements' situations. The result shows that, compared with regression method, the PKB method effectively improved the model accuracy with limited field measurements. The case study shows that the PKB method produced a better estimation accuracy (RMSE = 0.73) than the regression method (RMSE = 1.81), when only seven data pairs were used.
While being successful in many studies, the empirical method suffers from drawbacks, as well 
The empirical method has various advantages fostering its widespread use, such as explicit expression, fast process, and efficient computation [27, 28] . Our study thus concentrated on this kind of method to estimate LAI from remote sensing images. To determine an empirical model, the proposed PKB method makes full use of a priori knowledge, which distinguishes it from the existing empirical methods that only depend on local field measurements. The prior knowledge can provide important auxiliary information to determine empirical model, which ensures the suitability of PKB method in "limited measurements" situations. The result shows that, compared with regression method, the PKB method effectively improved the model accuracy with limited field measurements. The case study shows that the PKB method produced a better estimation accuracy (RMSE = 0.73) than the regression method (RMSE = 1.81), when only seven data pairs were used.
While being successful in many studies, the empirical method suffers from drawbacks, as well [27, 28] . For example, a developed empirical model based on the local field measurements in one area often does not work well when applied in other areas. Since the model is sensitive to the various factors such as environmental conditions, canopy characteristics and sun/viewing geometry [3, 20, 29, 30] . In this aspect, our proposed method may provide a way to use the existing models to improve the accuracy of empirical model in a given study area based on the form of a priori knowledge, rather than directly using the published model to estimate LAI in the other areas. The prior knowledge is derived from the published models or shared dataset in the universal sites, and presents an initial guess of each model parameter with the associated uncertainty. This is consistent with the conclusion of previous studies that a priori knowledge provides more reliable, consistent, and generally applicable information for successful inversions [46] [47] [48] [49] [50] . As well, our developed semi-empirical model in this study can be used to extend the prior knowledge base for crops.
It is clear that the representativeness of a prior knowledge base is the key to the success of the PKB method. As described above, the prior knowledge is impacted by various factors, since this knowledge is extracted from collected models under different measurement conditions [20, 26, 27, [31] [32] [33] . When regarding the impact factors characterized by environmental conditions, our ultimate goal is to describe the similarity of models between a universal site and a given study area, and all environmental conditions should be considered. However, we also need to consider the accessibility of the environmental conditions and the amount of the prior knowledge sources. In our study, only the vegetation type was used to select the appropriate sites for a priori knowledge extraction. This was because the vegetation type was not only a key variable influencing the empirical model, but was also a kind of accessible information. The results show that the extracted prior knowledge from the published models at cropland sites greatly reduced the influence of the shortcomings of limited field measurements on the accuracy of empirical models. With the increased field experiments, more vegetation types and environmental conditions would be used, such as the geographical location and climate conditions. A large number of empirical models have been established and evaluated, and a wide range of deviations (0.28 < RMSE < 0.77) between estimated and measured LAI were found [28, 29, [36] [37] [38] [39] . Even all modeling dataset was used (N = 19), a lower LAI estimation accuracy (RMSE = 0.96) was produced by regression method. One way to improve model accuracy is to acquire more data in the study area, but this way is often high-cost [44, 45] . This study represented another way is the use of prior knowledge of model parameters in improving the model accuracy. Based on our dataset, we can have the basic conclusion that the proposed PKB method can improve the modeling accuracy of the empirical model with limited field measurements, comparing with other regression methods (RMSE = 0.7, N = 19).
Conclusions
This study is primarily motivated by the deficiencies in the existing empirical methods for constructing reliable empirical models, when field measurements are limited. This study developed a PKB method to address this issue. In this method, the collected models in universal sites are selected to construct an a priori knowledge base for the study area. A priori knowledge of the semi-empirical model parameters is extracted based on selected models in the base, and then combined with local data to calibrate a semi-empirical model using the Bayesian inversion method.
The proposed method was evaluated in a cropland area, and results show that the proposed PKB can significantly improve the accuracy of an empirical model when limited measurements were available in the study area. The limited dataset case study shows that the PKB method produced more accurate LAI estimation (RMSE = 0.73) than the regression method (RMSE = 1.81), when only seven data pairs were used to obtain the relationship between LAI and NDVI. A priori knowledge for crops extracted from published models in the universal sites can increase the effective information to determine the empirical model in our study area.
In this study, we investigated the effectiveness of a PKB method at a cropland site. In the future, we intend to build a more representative a priori knowledge base for different vegetation types based on further field experiments.
